ABSTRACT Sparse code multiple access (SCMA) has been proposed as a candidate air interface (AI) technique for 5G wireless networks. However, the existing resource management schemes with predesigned SCMA codebooks cannot fully exploit user diversities in the frequency domain, thus degrading the performance of SCMA systems. To fully exploit the potential of SCMA, in this paper, we design a more flexible and configurable SCMA through adaptively adjusting the codebook design and assignment according to the user's features. Specifically, for the uplink networks, first we formulate a detection complexity minimization problem by jointly considering the codebook design (i.e., mapping matrix and constellation graph design) and codebook assignment, which is an integer linear program and NP-hard in general. To tackle this hard problem effectively, first we borrow the idea of dual coordinate search to devise a suboptimal but computational efficient algorithm to determine the mapping matrix and codebook assignment. Based on the obtained mapping matrix, we use the multi-dimensional modulation characteristic of SCMA to carefully design the constellations for each codebook to further reduce the detection complexity. For the downlink networks, we formulate a total power consumption minimization problem by jointly considering the codebook design and assignment and power allocation. Exploiting the special structure of the problem, we employ the Lagrangian dual decomposition technique to propose a fast iterative algorithm, which can solve the problem optimally with low complexity. Finally, we present extensive simulations to exhibit the performance improvement against other algorithms in terms of detection complexity and power consumption. The modified SCMA in this paper can be intelligently optimized based on service and user awareness, which can provide some guidelines for the design of software-defined AI in future wireless networks.
I. INTRODUCTION
With the explosive growth of data volume and mobile devices, the forthcoming fifth generation (5G) wireless networks are faced with great challenges, e.g., 1000× mobile data traffic growth, 100× energy efficiency and cost efficiency improvement, and around 100 billion devices connections by 2020 [1] . To achieve these ambitious goals, advanced physical layer techniques and network architectures with excellent spectrum and energy efficiency performance should be developed. As one of the promising techniques, Sparse Code Multiple Access (SCMA), a new frequency domain non-orthogonal multiple-access technique, has been put forward [2] , [3] . This new multiple-access technique can be utilized to support massive connections, thus greatly improving the spectrum utilization.
As a generalization of low density signature (LDS) [2] , SCMA is a multi-dimensional codebook-based spreading technique. Different from LDS, the procedure of modulation and spreading are combined together, such that the incoming bits are directly mapped to multi-dimensional complex codewords selected from a predetermined codebook set. This feature enables SCMA to benefit from the shaping gain of multi-dimensional constellation [4] , which is also the main source of the performance improvement in comparison with the simple reception code of LDS. Owing to the sparsity feature of SCMA codewords, the multiplexed signals on the same resources (i.e., OFDMA subcarriers or MIMO spatial layers) can be distinguished by the message passing algorithm (MPA) with ML-like performance [5] . Therefore, multiple access is achievable by assigning codebooks among users exclusively.
There have been extensive researches conducted for SCMA, involving the basic principles [2] , [3] , [6] , performance evaluation [7] - [10] , and resource management [11] - [13] . The concept of SCMA was first introduced in [2] , where the authors illustrated the similarity and difference between the SCMA and the LDS. Based on the design principles of lattice constellations, [3] proposed a systematic approach to optimize the SCMA codebooks. On the receiver side, an iterative detection method was developed for the uplink transmission [6] , which is verified to outperform the non-iterative one, especially when the system load is high. In addition to the basic studies for the SCMA design, its practical performance is also evaluated by comparing with the existing techniques [7] - [10] . Reference [7] investigated the spectrum efficiency of SCMA and showed that it outperforms OFDMA in terms of throughput and coverage. Through simulation and prototype measurement, a unified framework was proposed in [8] to compare the energy efficiency of the uplink SCMA and the LTE-A networks. Using stochastic geometry approach, [9] and [10] analyzed the area spectral efficiency of the SCMA applied in cellular network and ad hoc network, respectively. All works in [7] - [10] indicate that SCMA is a promising candidate for 5G multiple access. For this promising technique, resource management schemes dedicated for the SCMA based networks have also been studied in [11] - [13] , wherein [11] and [12] investigated the codebook assignment and power allocation in D2D underlaid cellular networks and [13] investigated the rate and energy maximization problem in SCMA networks with simultaneous wireless information and power transfer.
Although the researches [2] , [3] , [6] - [13] make the SCMA become mature for practical applications, there still exist some drawbacks for them. Detailedly, [2] and [3] optimize the codebook design in physical layer but without considering the user features, i.e., quality of service (QoS) requirement and channel state. While, [11] - [13] take into account the user features when assigning codebooks in MAC (multiple access control) layer, but the configuration of the codebooks is fixed, which may not be suitable for all conditions. Since each SCMA codebook only occupies several specific subcarriers, the predesigned codebooks without considering the user features cannot be the favorable ones for all users in each case. Hence, the separation of codebook design and assignment is a suboptimal strategy that cannot fully exploit user diversities in the frequency domain, which degrades the performance of SCMA systems. Moreover, the IMT-2020 also makes the request: 5G is expected to provide intelligent optimization based on service and user awareness [1] . Unfortunately, the existing researches about SCMA do not fulfill this expectation. To fully exploit the advantages of SCMA and improve the system performance, it is thus necessary to do a unified study on the codebook design and assignment.
Motivated by the above analysis, we in this paper do a cross-layer optimization (i.e., codebook design in physical layer and codebook assignment in MAC layer) based on the user features. Through this cross-layer optimization, we aim to provide a more flexible, scalable, and configurable air interface. Specifically, we focus on the energy saving problems in the uplink and downlink SCMA networks. For the uplink, we formulate a detection complexity minimization problem by jointly considering the codebook design and assignment, with the objective to reduce the computational energy consumption caused by the detection process. To tackle this hard problem, we design a computational efficient algorithm (referred to as DCSA) based on the dual coordinate search. Different from traditional methods, the DCSA does not solve the relaxed problem as an intermediate step, but attempts to solve the integer program in a more direct way, which greatly decreases the computational complexity. To further reduce the detection complexity, we use the multidimensional modulation characteristic of SCMA to carefully design the constellations for each codebook. For the downlink, we further consider the power allocation to formulate a total power consumption minimization problem. For this mixed-integer and non-convex program, we first transform it into a convex and tractable one through an auxiliary matrix and variable substitution. Then, we exploit the special structure of the problem to devise a fast iterative algorithm (FIA) leveraging the Lagrangian dual decomposition technique. Specifically, the FIA can solve the primal problem optimally with low complexity. Finally, we present extensive simulations to evaluate the performance of our proposed algorithms.
The remainder of this paper is organized as follows. Section II introduces the concerned system model and problem formulation. In section III and IV, we present our designed algorithms for the uplink and downlink networks, respectively. Section V shows the simulation results. Finally, we conclude our paper in Section VI.
II. SYSTEM MODEL AND PROBLEM FORMULATION
In this section, we begin with introducing SCMA, followed by describing our concerned network model. Then, we formally give the problem formulation for the energy saving problems in the uplink and downlink SCMA networks, respectively.
A. INTRODUCTION FOR SCMA
An SCMA encoder is defined as a map from log 2 (M ) bits to a J -dimensional complex codebook of size M , i.e., f :
where X ⊂ C J with cardinality |X | = M [2] . Specifically, the whole encoder process can be divided into two phases: bits to constellation point and constellation point to SCMA codeword. In detail, the input log 2 (M ) bits b are firstly mapped to a L-dimensional constellation point c by a constellation function g, i.e., c = g (b) . Then, the L-dimensional constellation point c is mapped to a J -dimensional SCMA codeword x through a mapping matrix V ∈ B J ×L , i.e., x = V c, where J > L ensuring the sparsity of SCMA codewords. Thus, an SCMA encoder can be redefined as f = Vg and accordingly, the codebook design is just to design appropriate constellation function g and mapping matrix V according to a given design criterion. All SCMA codewords are finally transmitted to the designated users over J shared orthogonal resources (e.g., OFDMA subcarriers or MIMO spatial layers). Without loss of generality, we use the OFDMA subcarriers as the orthogonal resources in the latter parts. The relationship between codebooks and their occupied subcarriers can be described by a factor graph F = f i,j , where f i,j = 1 if codebook i occupies subcarrier j, otherwise f i,j = 0. It is noted that F and V represent the same information but in different formats. Fig. 1 shows an example of a factor graph, in which L = 2, J = 6, and I = 9. Due to the sparsity of SCMA codewords, only partial signals collide at a subcarrier, e.g., d j = 3 for each j in Fig. 1 . The colliding signals can be separated due to the differentiable constellations generated by the codebook-specific constellation function 1 . The low density characteristic of SCMA lets us utilize the message passing algorithm (MPA) to implement multi-user detection with ML-like performance [5] .
However, the multiplexed signals on each subcarrier (referred to as subcarrier degree d j ) cannot be too large. The main reasons are two folds. On one hand, the number of differentiable constellations generated by the mother constellation is limited. If the subcarrier degree exceeds a certain value, the MPA cannot successfully decode the mixed signals. On the other hand, overlarge subcarrier degree results in unaffordable detection complexity, as the detection complexity of the MPA on subcarrier j is O M d j , which is exponential growth in d j . For these reasons, proper codebook design must satisfy the following constraint.
where D is a given integer. According to the measured data of Huawei [14] , D can be set to 6 for L = 2, this is, the overloading gain 2 is 300%.
B. NETWORK MODEL
We focus on the downlink (or uplink) of a single SCMA base station (BS) with K users, J subcarriers, and I codebooks, where I is an optimization variable. In what follows, we take the downlink transmission as example to illustrate the network model, which is similar for the uplink transmission. 1 As a simple method, the constellation of each codebook can be generated by a common mother constellation through codebook-specific operators (e.g., complex conjugate, phase rotation, or dimensional permutation). As such, the generated constellations are differentiable in power levels or signal phases. 2 Overloading is referred to as the case where the number of users supported by the system is greater than the number of OFDMA subcarriers.
Detailedly, let h j,k denote the channel power gain from the BS to user k on subcarrier j, which is assumed to be static or quasi-static during the underlying operational period and perfectly known by the BS 3 . Let S = s i,k denote the codebook assignment, where s i,k = 1 if codebook i is assigned to user k, otherwise s i,k = 0. The mapping relationship among users, codebooks, and subcarriers is shown in Fig. 1 . Furthermore, let P = p i,k denote the power allocation, where p i,k represents the power allocated on codebook i for user k.
According to [12] , [13] , and [15] , the achievable data rate of user k can be expressed as
where σ 2 k is the noise power received by user k. Here, the transmit power on each codebook is uniformly distributed on its occupied subcarriers, which is determined by the special structure of SCMA [2] .
In addition, the total power consumption of the BS is
where ξ ≥ 1 represents the inefficiency of the power amplifier.
C. PROBLEM FORMULATION
In this paper, we jointly consider codebook design and assignment to investigate the BS-side energy saving in the uplink and downlink SCMA networks, respectively.
1) UPLINK ENERGY SAVING PROBLEM (UESP)
Benefiting from the non-orthogonality in the frequency domain, SCMA has better spectrum efficiency in comparison with OFDMA. However, the non-orthogonality also makes SCMA suffer from high detection complexity, which may degrade its energy efficiency performance. As mentioned in Section II-A, the detection complexity of MPA on subcarrier j is O M d j , which is much larger than that in OFDMA networks especially for high order modulation or large codebook size. In addition, it is noteworthy that MPA is a joint multiuser detection method, which passes the ''belief messages'' between variable nodes (i.e., codebooks) and function nodes (i.e., subcarriers) iteratively until convergence [5] . The total complexity of the MPA is mainly dominated by the subcarrier with the largest d j . To reduce the energy consumption caused by the detection process, we should decrease the maximum subcarrier degree as well as the codebook size by jointly optimizing the codebook design and assignment. Since we just consider the operations at the BS side, it is assumed that the transmit power on each codebook at the user side is fixed in the uplink transmission. As such, the UESP can be formulated as
where F i denotes the i-th row of the matrix F.
In (4), we aim to minimize the maximum subcarrier degree subject to C1-C7, where C1-C4 are constraints for the codebook design and C5-C7 are constraints for the codebook assignment. More specifically, C1 restricts that each codebook only occupies L subcarriers, which confirms the sparsity of SCMA codewords. C2 limits the maximum number of multiplexed signals on each subcarrier, the reason of which has been illustrated in Section II-A. C3 confirms that different codebooks occupy different subcarrier sets. C5 guarantees the rate requirements for all users. C6 and C7 together denote that codebooks are exclusively allocated among users.
2) DOWNLINK ENERGY SAVING PROBLEM (DESP)
In the downlink transmission, we further consider the power allocation and formulate the DESP as a total power consumption minimization problem, given as follows.
In (5), we intend to minimize the total power consumption of the BS in the downlink transmission via appropriate codebook design and assignment and power allocation, wherein all constraints are identical with those in (4) except for the additional power constraint C8.
We do not formulate the constellation function design into the UESP and DESP, as the multi-dimensional constellation can be constructed as long as the mapping matrix is determined, which will be further discussed in the later parts.
Remark 1: Although our study only focuses on the energy saving problems, it can be easily extended to other aspects of the network performance, like throughput maximization or delay minimization problems. Different from traditional fixed multiple access techniques, in this paper we aim to exploit the special structure of SCMA to design a flexible and configurable air interface (AI) that can be intelligently optimized based on service and user awareness. Catering for the vision of software defined network (SDN) [16] , [17] , our study can shed some light for the design of software defined AI technology (a more flexible, scalable, and configurable AI).
III. ALGORITHM DESIGN FOR THE UESP
In this section, we first devise a cost-efficient algorithm to solve the UESP and then design the multi-dimensional constellations for each codebook to further reduce the detection complexity.
A. PROBLEM TRANSFORMATION
In (4), S and F are tightly coupled so that neither can be optimized if another one is undetermined, which makes (4) intractable. To overcome this difficulty, we define an auxiliary matrix U as follows.
Noted that U can be regarded as virtual codebooks that just satisfy constraints C1, C3, and C4 but regardless of C2 in (4), which can be easily obtained by the exhaustive search.
With the auxiliary matrix U, we can recast (4) as the following simplified form.
By solving (7), we can obtain the codebook design and assignment simultaneously with the help of U. Here, we omit C2 in (4) without loss of optimality, since the objective of (7) is just to minimize the maximum subcarrier degree. If the objective value of (7) is less than or equal to D, then the optimal solution of (4) is obtained accordingly, otherwise it indicates that (4) is infeasible for the given traffic demand. Therefore, the feasibility check and problem solution are incorporated into solving (7) . To make the objective function tractable, we introduce a new variable d to transform (7) into its epigraph form.
B. ALGORITHM DESCRIPTION
Problem (8) is an integer linear program (ILP) that is NP-Hard in general. For small ILP, they usually can be solved by the common solution methods, as the branch-andbound [18] or Bender's decomposition methods [19] . As one of the main common features, these methods are usually based on solving the relaxed linear program (LP) of the ILP as an intermediate step. If the LP happens to give a binary solutions, then the optimal solution is obtained correspondingly, otherwise the feasible region will be shrunk via segmentation or pruning and the aforementioned operations should be repeated. These methods can be utilized to solve small problems or large problems with special structure. However, (8) is a general ILP involving many binary variables, hence the common solution methods cannot work well for it. To tackle (8) effectively, we borrow the idea of the dual coordinate search to devise a computational efficient algorithm, which does not consider the solution of the LP as an intermediate step, but attempts to solve the integer program in a more direct way, thus reducing the computational time significantly. If d is given, (8) turns into the following feasibility problem. If a feasible solution is acquired, the primal problem (4) is solved, otherwise it indicates that d is set too small
As a good feature, the feasible solutions of (9) are usually not unique and we only need to find one of them rather than the optimal one, which greatly reduces the computational complexity. To tackle (9), we construct the following problem.
where ρ k and η j are weighting coefficients that can coordinate the codebook assignment among users. Problem (10) can be be regarded as the Lagrangian relaxation of (9) with respect to the constrains C1 and C4. For (10), we can get the following explicit analytic solution.
Lemma 1: The optimal solution of (10) is given by
where
Proof: Rearranging the objective function of (10), we can simplify it as
According to the constraints of (12), each codebook i can only be assigned to at most one user. To maximize the objective function, it naturally allocates codebook i to the user with the largest weighting coefficient, i.e.,
η j u i,j ≤ 0 for all users, codebook i should remain idle, as the utilization for this codebook can only degrade the objective function.
Since there are no complicated calculations in (11), we can quickly obtain the optimal solution S * = {s * i,k } for (10). After getting S * , we then check its feasibility for (9) by testing the following condition.
If condition H is satisfied, a feasible solution is found, this is, the primal problem (4) is solved correspondingly. Otherwise, it is necessary to update the weighting coefficients (ρ k ) and (η k ) to adjust the codebook assignment strategy. As a simple method, ρ k and η k can be updated based on the subgradient method, which are respectively specified as
where τ ρ (t) and τ η (t) are sufficiently small step sizes that can be set as any square summable but not absolutely summable values [20] (e.g., , /t, or / √ t where is a positive constant). Set t = 0, t max , (ρ k (0)), and η j (0) ; Get S * = s * i,k according to (11); 7: if H is satisfied for S * then 8: Set = 1;
9:
break;
10:
Update ρ k (t) and η j (t) according to (14) and (15) Output d and S * ; 22: else 23: Output (4) is infeasible; 24: end if
The overall algorithm for the UESP, summarized in Algorithm 1, is detailed in the following. To improve the efficiency of the algorithm, we first solve the LP-relaxation problem (16) in regard to (8) , as the objective value of (16) yields the lower bound of (8) . By this operation, we can set an appropriate initial value for d, i.e., d = Q where Q denotes the integer no smaller than Q. Then, we adopt the method of dual coordinate search to solve (9) for each given d. If a feasible solution is acquired (i.e., = 1), then the whole algorithm is terminated, otherwise d is increased by one. The aforementioned operations are repeated until outputting a feasible solution S * or indicating (4) is infeasible. With S * and U, we can obtain the mapping matrix and codebook assignment simultaneously.
Remark 2 [2] , [3] : Design the mapping matrix based on the symmetrical structure and get all the possible codebooks. This scheme simplifies the design process, but the obtained codebooks may not be the favorable ones for all users. While, in the DCSA, the mapping matrix is optimized with particular emphasize on each user's preference (i.e., user diversities in the frequency domain). Additionally, the codebooks derived by the DCSA are on-demand, i.e., all designed codebooks are allocated among users. The on-demand design criterion leads to small subcarrier degree, which is more helpful for distinguishing the constellation points of different codebooks on the same subcarrier.
C. MULTI-DIMENSIONAL CONSTELLATION DESIGN
After getting the mapping matrix, we can design the multidimensional constellation for each codebook. As a simple method, the constellation can be generated based on a common mother constellation through codebook-specific operators.
SCMA has the characteristic of mutli-dimensional modulation, wherein each dimension corresponds to a constellation graph. When two constellation points in a constellation graph are overlapped in one dimension, their representing information can still be distinguished in other dimensions. Since the detection complexity of the MPA is O M d , we can leverage the multi-dimensional modulation characteristic of SCMA to design small-sized constellation graph (i.e., small M ) to further reduce the detection complexity. Specifically, to represent the two bits information b = {b 1 , b 2 }, it usually needs a 4-point constellation in traditional one-dimensional modulation, as shown in Fig. 2 (a) . While, with the two-dimensional modulation (i.e., L = 2), we can construct a two-dimensional 3-point constellation to represent b, as shown in Fig. 2 (b) . As such, the detection complexity reduce from O 4 d to O 3 d , which is a high complexity saving especially for large d. Similarly, with regard to three bits information b = {b 1 , b 2 , b 3 }, we can design a two-dimensional 5-point constellation, which reduces the complexity from O 8 d to O 5 d in comparison with the traditional one-dimensional 8-point constellation, as depicted in Fig. 2 (c) and (d) .
Based on the mother constellation, we can construct the constellation for each codebook through complex conjugate, phase rotation, or dimensional permutation. Here, we exploit the phase rotation to defuse the conflict of several codebooks on a common subcarrier. Specifically, for subcarrier j, the rotation angle of each codebook is specified as
VOLUME 5, 2017 FIGURE 2. Mother constellation design for representing two or three bits information. where α is the phase offset between two neighbor constellation points in the mother constellation with the same amplitude and β is the initial phase of the mother constellation.
As an example, Fig. 3 shows the phase rotation for the 3-point mother constellation in the first dimension, wherein α = π , β = 0, and d j is derived by our proposed Algorithm 1. The same operations can be applied for the second dimension.
Remark 3:
Since the designed codebooks are on-demand, the resulting subcarrier degrees are relatively small and may various on different subcarriers. Through the constellation operator (17), the minimum Euclidian distance among different constellations is maximized on each subcarrier, which can be potentially translated to the SNR and diversity gains for the BLER (Block Error Ratio) performance of an SCMA code.
IV. ALGORITHM DESIGN FOR THE DESP
In this section, we first transform the DESP into a convex problem and then propose a fast iterative algorithm to solve it based on the Lagrangian dual decomposition technique. Finally, we analyze the performance of our proposed algorithm.
A. PROBLEM TRANSFORMATION
Similar with the UESP, we also define the auxiliary matrix U and reformulate (5) as
Via the equivalent transformation, the binary variables F is eliminated from the primal problem (5) and accordingly, a new constraint C4 is imposed for S in (18) to limit the maximum subcarrier degree. It is noteworthy that this constraint makes (18) has a particular characteristic, which help us design a fast algorithm to solve it. Problem (18) is a mixed-integer and non-convex programming, which is hard to tackle in general. To make it traceable, we first relax s i,k to the continuous interval [0, 1] and define the new variable (18) is transformed into the following problem.
where E = e i,k .
Lemma 2: Problem (19) is jointly convex in E and S.
Proof: See Appendix A.
B. ALGORITHM DESCRIPTION
Since (19) is convex and satisfies the Salter's condition [21] , we can obtain its optimal solution leveraging the Lagrangian dual decomposition technique. However, constructing the Lagrangian of (19) for all constraints involves many dual variables and finding their optimal values heavily affect the convergence rate of the algorithm. To improve the efficiency of the algorithm, we construct the partial Lagrangian only for C1, which is given by (20) where
are the dual variables corresponding to C1 in (19) .
Accordingly, the Lagrangian dual function is given by
For (21), we first solve the inner optimization problem for given λ. Denote E * = {e * i,k } and S * = {s * i,k } as the optimal solution of (21) . Then, the Karush-Kuhn-Tucker (KKT) conditions of (21) specify
As such, we have
According to (23) and the definition of e i,k , we can naturally get the optimal transmit power
Substituting (23) back to (21) and rearranging it yield the following LP with respect to S.
where w i,k and C are constants given by (26) and (27), respectively.
Problem (25) 
As (25) is a minimization problem, we can easily obtain that s * i,k = 0 if w i,k ≥ 0. Furthermore, Lemma 3 and constraint C1 in (25) indicate that there is at most one s * i,k = 1 for all users, which derives that
Thus, to solve the LP (25), we only need to determine the values for s = {s i |s i = s i,k where k = arg min
In light of this, we construct the following LP, which has less optimization variables in comparison with (25) .
where w i = w i,k and k = arg min
we have
where s * i represent the optimal solution of (28) . Through this operation, the computational complexity of (25) reduces from O I 3.5 K 3.5 to O I 3.5 [22] , which is a large computational complexity saving. Furthermore, this conclusion also indicates that the complexity of (25) is independent on the number of users, which is a good feature for the implementation of our proposed algorithm in practical systems.
After getting E * and S * , we can solve the outer maximization problem (also called master dual problem), given by
Since (30) is a LP, we can adopt the subgradient method to solve it, which is specified as
where τ λ (t) is a step size that can be set in a similar manner with τ ρ (t) and τ η (t).
To summarize, the overall algorithm for (19) is given in Algorithm 2. After getting the mapping matrix, we can use the similar method introduced in Section III-C to construct the multi-dimensional constellations for each codebook.
Algorithm 2 Fast Iterative Algorithm for the DESP (FIA)
1: Initialization:
• Set t = 0;
• Set the initial dual variables λ k (0);
• Set the maximum error tolerance ε; 2: while 1 do 3: Obtain the transmit power p i,k according to (24) ; 4: Get s * i by solving the LP (28); 5: Get the codebook assignment s i,k according to (29); 6: Update the dual variables (λ k ) according to (31); 7: t = t + 1; if λ (t + 1) − λ (t) 2 ≤ ε then 9: break; 10:
end if 11: end while C. PERFORMANCE ANALYSIS Optimality: The optimal solution of (19) is acquired by Algorithm 2, which yields the lower bound of (18) . This is because the feasible region of (19) is larger than that of (18) . On the other hand, according to Theorem 2, we can get that the optimal solution of (19) is also a feasible solution of (18) , since the solution of (19) satisfies all the constraints in (18) . Consequently, the optimal solution of (19) also yields the upper bound of (18) . Therefore, the global optimum of (18) (equivalent to the primal problem (5)) can be achieved by Algorithm 2.
Complexity: In algorithm 2, the complexity is mainly dominated by steps 3-6. In step 3, we should compute p i,k for each i and k, which consumes O (IK ). In steps 4 and 5, the complexity is mainly dominated by solving the LP (28), the complexity of which is equal to O I 3.5 [22] . Updating the dual variables in step 6 results in O (K ). Besides, the subgradient method converges to the desired state only after O 1 ε 2 iterations [23] . Thus, the total complexity of algorithm 2 is O 1 ε 2 IK + I 3.5 + K , where I = C L J .
V. SIMULATION RESULTS
In this section, we present extensive simulation results to evaluate the performance of our proposed algorithms. The simulation parameters are specified as follows. We consider a [24] .
To highlight the effect of the frequency selectivity, the reference distances between the BS and all users are 350 m with path loss exponent being 4. Besides, the noise spectral density is set to −150 dBm/Hz [25] and the bandwidth of each subcarrier is 156 KHz [26] . For the SCMA, we set D = 6 and L = 2 [2] , [14] . On the user side, the transmit power of each user on each codebook is 0.2 W. On the BS side, the inefficiency factor of the power amplifier is set as ξ = 2.8571 [27] . The rate requirements of each user in the uplink and downlink networks are 1 Mbps and 5 Mbps, respectively. All simulation results are obtained by averaging over 2000 independent simulation runs.
A. PERFORMANCE EVALUATION OF THE DCSA IN THE UPLINK SCMA NETWORKS
To evaluate the performance of the DCSA, we compare it with other two schemes, namely the RandCA and RandCD.
As one of the common points, the codebooks in the RandCA and RandCD are all randomly constructed without considering the user features. In the RandCA, the codebooks are randomly assigned to the users one by one until their rate requirements are satisfied, that is, the codebook assignment procedure in the RandCA is also without considering the user features. While, in the RandCD, the codebooks with better channel condition are preferentially assigned to user k, which is repeated for each user until the rate requirements of all users are meet. Fig . 4 shows the maximum subcarrier degree versus the number of users. From this figure, we can observe that the maximum subcarrier degree increases with the number of users. This is because that with the increasing of the users, more codebooks will be utilized. As each codebook occupies L different subcarriers, the maximum subcarrier degree will increase with the number of users. In the RandCA, neither the codebook design nor the codebook assignment consider the user features, thus resulting in the largest maximum subcarrier degree. Compared with the RandCA, the RandCD takes into account the user preference when assigning the codebooks. As a consequence, less codebooks are needed to meet the rate requirements of all users and accordingly, smaller maximum subcarrier degree is achieved. However, the RandCD doesn't optimize the codebook design. To make up for the deficiency of the RandCA and RandCD, our proposed DCSA jointly optimize the codebook design and assignment based on the user features. The simulation results demonstrate that our proposed algorithm reduces the maximum subcarrier degree by about 1.5 compared with the RandCA and 1 compared with the RandCD. When the number of users is moderate, the performance gain is more obvious, since very small codebooks or all codebooks are utilized in the two extreme cases (i.e., small or large number of users). The decreasing of the maximum subcarrier degree is helpful for bring down the detection complexity. The results show that the maximum subcarrier degree decreases with the number of subcarriers. This is because that the number of available codebooks increases with the number of subcarriers and hence, user's signals can be transmitted over more subcarriers in a sparse condition. Therefore, the larger the number of subcarriers, the smaller the maximum subcarrier degree will be. In addition, we can observe from Fig. 5 that the gaps between the DCSA and the other schemes become larger along with the increasing of subcarriers and then remain unchanged when the number of subcarriers is large enough. The main reason is that when the number of subcarriers is small, the maximum subcarrier degrees of all algorithms are very large. As the DCSA can make better use of the user diversities in the frequency domain, it thus can greatly decreases the maximum subcarrier degree along with the increasing of the subcarriers and hence, the gaps between the DCSA and the random schemes will become larger. However, if the maximum subcarrier degree is small enough (the minimum value is one), it is hard to further reduce this value and correspondingly, the descent rate of the DCSA becomes slower. While, the descent rates of the the RandCA and the RandCD are still unchanged, since their maximum subcarrier degrees are still very large. As a consequence, the gaps remain almost unchanged when the number of subcarriers is large enough. assignment according to the user features. As such, the detection complexity of our proposed algorithm is smaller than those of the random schemes even with the same constellation graph. On the other hand, our proposed algorithm exploits the multi-dimensional modulation characteristic of SCMA to carefully design the constellations for each codebook, thus reducing the constellation size M . Since the detection complexity of the MPA is O M d , our designed algorithm outperforms the random schemes in term of detection complexity. This performance gain is more obvious for large constellation size, just as shown in the Fig. 7 . Compared with the RandCD (M=8), the detection complexity of the DCSA (M=5) decreases by more than 50 times when one constellation point represents 3 bits information. The performance gain in the detection complexity can help us reduce the energy consumption cased by the detection process in the uplink transmission.
B. PERFORMANCE EVALUATION OF THE FIA IN THE DOWNLINK SCMA NETWORKS
In this subsection, we evaluate the performance of the FIA by comparing it with other two schemes, referred to as the Random scheme and the Margin adaptive scheme. For the Random scheme, the codebooks are randomly constructed and assigned among the users with the water filling power allocation. With randomly constructed codebooks, the Margin adaptive scheme minimizes the total transmit power via appropriate codebook assignment and power allocation subject to users' rate constraints, as the schemes in OFDMA networks [28] , [29] . 8 illustrates the total power consumption of the BS versus the number of users. In the multiple users and multiple subcarriers system, user diversities in the frequency domain is a good feature. Through utilizing this feature to optimize the resource allocation, the system performance (e.g, spectrum or energy efficiency performance) can be greatly improved. The energy conservation gain of the FIA and the Margin adaptive with respect to the the Random scheme mainly comes from this point. Due to the special structure of SCMA, each codebook only occupies L subcarriers. If the codebooks are predesigned without considering the user preference for the subcarriers, these codebooks may not be the favorable ones for all users in each case. Although the resource allocation makes up this drawback to some extent, the capability is limited. Considering this shortcoming, we incorporate the codebook design into the resource allocation to provide a user-oriented air interface. As the user diversities are better exploited, our proposed algorithm can further reduce the power consumption. As the Fig. 8 shown, the FIA can save about 20% power when the number of users is small and about 50% power when the number of users is large in comparison with the Margin adaptive scheme. 9 demonstrates the total power consumption of the BS versus the number of subcarriers. The simulation results reflect that the total power consumption decreases with the number of subcarriers. According to the Shannon equation, the achievable data rate increases with the bandwidth under the same transmit power and noise spectral density. Conversely, if the data rate remains unchanged, the transmit power will decrease with the bandwidth. Additionally, from this figure, we can find that the energy conservation gain of our algorithm is larger when the number of subcarrier is small. The reason is that with scarce spectrum resource, improving the spectrum utilization becomes very important for reducing the energy consumption. However, when the spectrum resource is sufficient, the energy demand of the BS is already very little. Under this condition, the energy conservation gain from optimizing the spectrum utilization becomes unconspicuous. However, since the wireless traffic grows explosively in recent years, the spectrum resource will become more and more scarce in future wireless networks. Thus, it is necessary to jointly optimize the codebook design and assignment to improve the spectrum efficiency and reduce the energy consumption.
VI. CONCLUSION
In this paper, we have investigated the energy saving problems for the uplink and downlink SCMA networks by jointly considering the codebook design and assignment. For the uplink networks, we have devised a cost efficient algorithm to optimize the codebook design and assignment to minimize the computational complexity of the MPA utilized for SCMA detection. For the downlink networks, we have further considered the power allocation to reduce the total power consumption of the BS. Leveraging the special structure of the problem and the Lagrangian dual decomposition technique, we have proposed a fast iterative algorithm to tackle the nonconvex and mixed-integer program. Finally, extensive simulation results have been provided to confirm the effectiveness of our proposed algorithms.
APPENDIX A PROOF OF LEMMA 2
Since all constraints in (19) are affine, we only need to prove the objective function is jointly convex in E and S. Assuming 
In what follows, we prove the convexity of (32) to verify the convexity of the objective function in (19) , as the sum operations over convex functions preserves convexity. To prove the convexity of (32), we should confirm that To sum up, we prove the convexity of f i,k e i,k , s i,k and accordingly, Lemma 2 is proved.
APPENDIX B PROOF OF LEMMA 3
In (25), C1-C3 are all affine and each s i,k is bounded in [0,1], thus the feasible region of (25) is a polytope. In what follows, we will prove that the coordinate values of each extreme point in the polytope (i.e., the feasible region of (25) ) are all binary. To begin with, we formally give the definition for the extreme point.
Definition 1 (Extreme point [30] ): An extreme point x ε of a convex set C is a point, belonging to its closure C, that is not expressible as a convex combination of points in C distinct from x ε , that is, for x ε ∈ C and all x 1 , x 2 ∈ C \ x ε , ux 1 + (1 − u) x 2 = x ε , ∀u ∈ [0, 1] .
Then, we prove the above conclusion by contradiction. Without loss of generality, we consider one extreme point x ε in the polytope, whose coordinate values are not all binary (i.e., 0 < x ε i,k < 1, ∃ī, k ). 1) If C1 and C3 in (25) are strictly inequal at the point x ε , we can always find the other two points x 1 and x 2 defined as 
where δ is a positive number and (· · · ) denotes that other coordinate values are the same with those in x ε . If δ is small enough, we can get that x 1 and x 2 also satisfy the constraints of (25) and 0.5x 1 + 0.5x 2 = x ε . Because of violating the Definition 1, x ε is not an extreme point.
2) If there exist one constraint in C1 and C3 that is tight at the point x ε , there must be another non-binary coordinate value x ε i,k in x ε . This is because only one non-binary coordinate value cannot satisfy the tight constraint. Based on this, VOLUME 5, 2017 we can find the other two points x 1 and x 2 defined as
(37)
For these two points, we can easily get that 
As such, we can get that x 1 and x 2 are also two points in the polytope. Since 0.5x 1 + 0.5x 2 = x ε , x ε is thus not an extreme point as well. According to the above, all coordinate values of each extreme point in the polytope must be binary. On the other hand, according to the optimization theory [21] , we know that the optimal solution of a LP can only be achieved at the extreme point if its feasible region is a polytope. As such, we have proved Lemma 3.
